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Summary  Channel  allocation  schemes  are  required  in  mobile  networks  to  allocate  bandwidth
and channels  to  mobile  stations.  The  main  objective  of  channel  allocation  is  to  achieve  maxi-
mum efﬁciency  by  means  of  channel  reuse  by  avoiding  adjacent  and  co-channel  interferences
among nearby  cells  or  networks  that  share  the  bandwidth.  Channel  allocation  problem,  an  NP-
hard problem,  which  means  an  exact  solution  cannot  be  found  in  polynomial  time.  Evolutionary
and heuristic  algorithms  can  be  applied  to  ﬁnd  near  optimal  solutions  to  channel  allocation.
The main  objective  of  this  research  is  to  design  a  new  constraint  based  genetic  crossover  and
mutation operators  with  the  effective  heuristic  initialization  to  solve  channel  allocation  with
minimal computational  complexity.  The  performances  of  the  proposed  genetic  operators  are
compared with  existing  methods.  It  has  been  found  that  the  proposed  method  signiﬁcantly
reduces the  computational  complexity.
© 2016  Published  by  Elsevier  GmbH.  This  is  an  open  access  article  under  the  CC  BY-NC-ND  license
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IntroductionThe  channel  allocation  is  required  to  increase  the  capacity
of  wireless  networks  by  effectively  distributing  channels.
Assigning  m  channels  to  the  n  cells  with  the  co-channel
 This article belongs to the special issue on Engineering and Mate-
rial Sciences.
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CCC),  adjacent  channel  (ACC)  and  co-site  channel  (CSC)
onstraints  of  interference  matrix  C  in  mobile  networks  is
alled  channel  allocation  problem  (CAP)  (Cheng  and  Huang,
013;  Driouch  and  Ajib,  2013,  2012).  Several  attempts  were
ade  to  solve  this  NP-hard  problem  using  soft  computing
Cheng  and  Huang,  2013;  Driouch  and  Ajib,  2013,  2012;
eltomäki  et  al.,  2012).  Since  channel  allocation  is  an
xtension  of  graph  colouring  problem,  several  new  graph
olouring  operators  have  been  effectively  employed  to  ﬁnd
he  near  optimal  solution  of  channel  allocation  (Marappan
nd  Sethumadhavan,  2013,2015a,b,c;  Sethumadhavan  and
arappan,  2013).  New  constraint  based  effective  crossover
nd  mutation  operators  are  designed  in  this  paper  to  obtain
icle under the CC BY-NC-ND license (http://creativecommons.org/
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he  near  optimal  solution  and  the  results  are  compared  with
ome  of  the  existing  approaches.  Section  ‘‘Mathematical
odel  of  CAP’’  focuses  on  the  mathematical  model  of  chan-
el  allocation.  The  proposed  constraint  based  crossover
nd  mutation  operators  are  explained  in  section  ‘‘Proposed
enetic  algorithm’’.  Section  ‘‘Simulation  on  benchmark
roblems’’  presents  the  simulation  on  benchmark  problems;
nd  conclusion  is  presented  in  section  ‘‘Conclusion’’.
athematical model of CAP
he  mobile  network  consists  of  n  cells  and  m  channels.
he  CAP  can  be  modelled  as  constrained  based  optimiza-
ion  problem.  The  solution  is  represented  in  n  ×  m  binary
atrix  f  such  that  elements  of  fjk assumes  either  0  or  1.
jk =
{
1
0
if  channel  k  is
{
assigned
not  assigned
}
to  cell  j.
AP  has  certain  requirements.  The  total  number  of  channels
ssigned  to  cell  i is  di.  If  the  ith  cell  violates  di then
m∑
q=1
fiq −  di
)
/=  0
or  channels  p  and  q,  if  |p  −  q|  <  cii,  then  cell  i must  not  be
ssigned  p  when  q  is  already  assigned.  If  the  co-site  con-
traint  is  violated  then
p+(cii−1)∑
=p−(cii−1)
q  /=  p
1≤q≤m
fiq >  0
or  cij >  0  (i  /=  j),  if  |p  −  q|  <  cii,  then  ith  cell  cannot  assign
th  channel  when  q  is  assigned  earlier.  If  this  constraint  is
iolated  then
n∑
j=1
 /=  i
eij>0
p+(cij−1)∑
q  =  p  −  (cij −  1)
1≤q≤m
fjq >  0
ence  the  general  cost  function  C(F)  is
(F)  =
n∑
i=1
m∑
p=1
⎛
⎜⎜⎜⎜⎜⎜⎝
n∑
j=1
j  /=  i
cij>0
p+(cij−1)∑
q  =  p  −  (cij −  1)
1≤q≤m
fjq
⎞
⎟⎟⎟⎟⎟⎟⎠
fip
+
n∑
i=1
m∑
p=1
⎛
⎜⎜⎜⎜⎝
p+(cii−1)∑
q=p−(cii−1)
fiq
⎞
⎟⎟⎟⎟⎠ fip +
n∑
i=1
(
m∑
q=1
fiq −  di
)
q  /=  p
1≤q≤m
learly  C(F)  becomes  zero  when  all  these  constraints  are
ulﬁlled.  Hence  the  CAP  is  to  ﬁnd  F  to  satisfy  C(F)  =  0.
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roposed genetic algorithm
n  most  of  the  genetic  methods,  the  initial  population  is  gen-
rated  randomly  but  the  proposed  method  effectively  gen-
rates  the  initial  population  using  the  heuristics.  The  new
onstraint  based  crossover  and  mutation  operators  are  sig-
iﬁcantly  reduce  the  computational  complexity.  Flowchart
f  this  new  genetic  method  is  represented  in  Fig.  1.
The  genetic  method  to  solve  CAP  implements  the  proce-
ure  deﬁned  in  Sethumadhavan  and  Marappan  (2013).  The
ew  procedures  of  population  initialization,  crossover  and
utation  operations  are  given  below:
rocedure  Generate-Initial-Population  (f,  n,  m,  C,  d)
For  j  =  1  to  n  do
{
k =  random(1,  m  −  ((di −  1)  *  Cii));
While  (k  <=  m)  do
{
f[i,  k]  =  1;  k  =  k  +  Cii;
}
}
return  f;
rocedure  Crossover  (i,  j,  n,  m)
pply  SPCGX  &  CGR  of  Sethumadhavan  and  Marappan  (2013)
for  the  gene  sequences  i  &  j  based  on  the  demand
constraint;
pply  SPCGX  &  CGR  of  Sethumadhavan  and  Marappan  (2013)
for  gene  sequences  i  &  j  based  on  CSC;
pdate  the  better  offsprings  to  satisfy  demand  and  co-site
constraints;
eturn i′ and  j′;
lgorithm  mutation  (i′,  j′,  n,  m)
pply  SPCGM  &  CGR  of  Sethumadhavan  and  Marappan  (2013)
on  i′ &  j′ based  on  the  CCC;
pply  SPCGM  &  CGR  of  Sethumadhavan  and  Marappan  (2013)
on  i′ &  j′ based  on  the  ACC;
pdate  the  better  offsprings  to  satisfy  interference
constraints;
eturn  i′′ and  j′′;
imulation on benchmark problems
he  proposed  genetic  operators  are  experimented  on  some
f  the  benchmark  problems  using  Intel  Xeon  Workstation
ith  256  GB  DDR3  in  Windows  8  Professional  OS  under  JDK
.8.0  environment.  The  results  are  tabulated  in  Table  1.
he  performance  of  the  new  operators  is  compared  with
ome  of  the  existing  approaches  (Cheng  and  Huang,  2013;
riouch  and  Ajib,  2013,  2012;  Peltomäki  et  al.,  2012)  and  is
resented  in  Table  2.
Simulation  results  show  that  100%  frequency  of  conver-
ence  (FOC)  is  obtained  for  lower  ﬁtness  thresholds  and  near
ptimal  convergence  is  achieved.  For  the  random  graphs
f  problem  (Sethumadhavan  and  Marappan,  2013;  Marappan
nd  Sethumadhavan,  2015a),  FOC  threshold  remains  100%.  It
hows  that  the  devised  genetic  operators  achieve  stochastic
onvergence  with  reduced  complexity.
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Table  1  Convergence  of  near  optimal  solution  for  benchmark  instances.
Problem  No.  of  cells  (n)  No.  of  channels  (m)  Simulation  run  length  Fitness  threshold  FOC  threshold  (%)
1  4  11  100  0  100
2 25  73  25,000  12  100
3 21  385  30,000  0  100
4 21  37  25,000  0  100
5 10  30  25,000  0  100
6 500  1250  50,000  13  100
7 1000  1500  75,000  18  100
Table  2  Comparison  with  existing  methods.
Problem  Previous  method  Proposed  method
FOC  (%)  FOC  (%)  No.  of  trials  CPU  time  (s)
1  100  100  1  0
2 92  100  5843  1791
3 80  100  1  0
4 100  100  1  0
5 100  100  1  0
6 —  100  
7 —  100  
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SFigure  1  Flowchart  of  new  genetic  method.
Conclusion
The  new  constraint  based  genetic  operators  are  designed
and  experimented  to  solve  CAP.  The  proposed  method  gen-
erates  initial  population  with  ﬁxed  size  using  heuristics  and,
hence,  greatly  reduces  the  search  space.  Furthermore,  the
devised  method  minimizes  the  generations  to  reach  the  near
optimal  solution  with  minimal  complexity  compared  to  other
methods.Conﬂict of interest
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